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[1] Instantaneous estimates of the power released by a fire (Fire Radiative Power, FRP) are
available with satellite active fire detection products. Integrating FRP in time provides
an estimate of the total energy released (Fire Radiative Energy, FRE), which can be
converted into burned biomass estimates needed by the atmospheric emissions modeling
community. While straightforward in theory, the integration of FRP in time and space
is affected by temporal and spatial undersampling imposed by the satellite sensing and
orbit geometry, clouds, and active fire product omission errors. Combination of active fire
FRP estimates with independently derived burned area maps provides the potential for
improved and spatially explicit estimates of FRE and biomass burned. In the present work,
strategies for the temporal interpolation of FRP data and for the spatial extrapolation of FRE
across the burn are proposed and, as a study case, applied to an extensive grassland fire
that burned for 40 days in northern Australia. The fusion of FRP estimates derived from
MODIS Terra and Aqua active fire detections with the MODIS burned area product is
considered, although other polar orbiting and geostationary satellite fire products could be
used. Intercomparison of FRE estimated over the MODIS mapped burned area using Terra,
Aqua, and Terra-Aqua combined FRP data highlights the sensitivity of FRE estimation
to satellite sampling. Despite this sensitivity, FRE biomass burned estimates derived from
MODIS burned area and Terra and Aqua FRP data are within 30% of regional literature
estimates, suggesting that this fusion approach is a fruitful avenue for future research and
validation.
Citation: Boschetti, L., and D. P. Roy (2009), Strategies for the fusion of satellite fire radiative power with burned area data for fire
radiative energy derivation, J. Geophys. Res., 114, D20302, doi:10.1029/2008JD011645.
1. Introduction
[2] Estimates of atmospheric emissions due to biomass
burning have conventionally been derived adopting ‘‘bottom
up’’ inventory based methods [Seiler and Crutzen, 1980] as:
M ¼ A F C E ð1Þ
where the quantity of emitted gas or particulate M [g] is the
product of the area affected by fire A [m2], the fuel loading
per unit area F [g m2], the combustion completeness, i.e.,
the proportion of biomass consumed as a result of fire,
C [g g1], and the emission factor or emission ratio, i.e., the
amount of gas released per unit of biomass load consumed
by the fire, E [g g1]. Uncertainties in these four variables
propagate linearly into emissions estimates.
[3] Large area satellite burned area mapping (A) has been
undertaken on a systematic basis but representative global
product accuracy assessment has not been undertaken [Roy
and Boschetti, 2009]. Fuel load (F) remains an uncertain
parameter and has been variously estimated from field data,
satellite data and Net Primary Production models with par-
titioning between fuel classes [Van Der Werf et al., 2003;
Schultz et al., 2008]. C is a function of factors including the
relative proportions of woody, grass, and leaf litter fuel, the
fuel moisture and the fire behavior, which may be highly
variable, for example, in African grasslands Ward et al.
[1996] reported C as approximately 0.15 and 0.85 for
smoldering and flaming combustion respectively. Emission
factors (E) are largely well determined from laboratory
measurements, although their temporal dynamics as a func-
tion of fuel wetness is less certain [Hoffa et al., 1999;
Korontzi et al., 2004].
[4] An alternative satellite based methodology to derive
the biomass burned [g m2] has been developed using time
integrated instantaneous satellite measurements of the fire
radiative power [Kaufman et al., 1996]. The fire radiative
power (FRP) [W] may be retrieved from midinfrared wave-
length remotely sensed data and provides reasonably accu-
rate (±15%) estimates of the rate of fuel consumed when
combustion rates are not low (>=1 gs1) [Wooster et al.,
2005]. The total fire radiative energy (FRE) [J] released by
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a fire burning from time t1 to t2 is defined, for the ideal case
of continuous FRP measurement, as:
FRE ¼
Zt2
t1
FRP tð Þdt ð2Þ
[5] The FRE has been shown to be linearly related to the
total biomass burned [Wooster et al., 2005, Freeborn et al.,
2008] and equation (1) can be expressed [Wooster et al.,
2005]:
M ¼ 0:368 103 FRE E ð3Þ
where the quantity of emitted gas or particulate M [g] for an
active fire of given area A[m2] is the product of the Fire
Radiative Energy (FRE) [J] and the emission ratio E [g g1],
multiplied by the coefficient 0.348 [g/J]. Thus equation (3)
enables emission estimation without the need for fuel load
and combustion completeness information that are not reli-
ably defined at subregional to global scales [French et al.,
2004; Wooster et al., 2005; Schultz et al., 2008].
[6] Several issues remain for the application of equation (3)
to estimate biomass burned using remotely sensed data, not
least is the requirement for sufficient sampling of the FRP
to capture the fire’s spatiotemporal variability in order to
provide reliable FRE, and so biomass burned, estimates. The
FRP retrieved from satellite active fire detections is only
available under relatively cloud free conditions at the time of
satellite overpass [Roberts and Wooster, 2008]. Active fire
detections from polar orbiting satellites typically under
sample the temporal variability of fires due to the infrequent
satellite overpass time and clouds [Giglio, 2007] and under
sample the spatial extent of burned areas where the fire
progresses rapidly across the landscape [Roy et al., 2008].
Geostationary satellite active fire detections provide much
improved temporal sampling (e.g., every 15 minutes for
Meteosat Second Generation) over polar orbiting systems
(e.g., four times a day for MODIS Terra/Aqua) but reliable
geostationary active fire detection of small and cool fires
is reduced due to the large pixel size and in many parts of
the world the surface is sensed far from nadir and so the pixel
size is large and detection accuracy reduced [Roberts and
Wooster, 2008; Schroeder et al., 2008a]. Thus locations that
burned may have no active fire detection and so no FRP
estimate.
[7] To date, the FRE has most usually been estimated from
the FRP retrieved at detected active fire locations and times
by summing the FRP values multiplied by the time difference
between acquisitions [Roberts et al., 2005]:
FRE ¼
Xt2
t1
FRPtDt ð4Þ
where t1 and t2 are the times of the first and last active fire
detections in a burned region defined by the active fire
detections alone. The use of equation (4), which is the
adaptation of equation (2) for discrete FRP measurements, is
straightforward for application to geostationary satellite data
with high temporal resolution and constant time difference
between acquisitions, but may be problematic for application
to polar orbiting satellite data, such as provided by MODIS,
because of the temporal and spatial under sampling of FRP
imposed by the MODIS sensing and orbit geometry.
Equation (4) implicitly assumes a linear temporal change in
FRP between satellite observations. It is unknown what the
impact of this assumption is on satellite derived FRE. Even
with 15 minute geostationary data the FRP may vary more
rapidly temporally than the satellite sampling. For example,
grassland fire FRP has been observed to change by an order
of magnitude with the wind direction relative to the unburned
fuel bed [Smith andWooster, 2005]. At the scale of individual
fires and burned areas, the temporal behavior of FRP is
complex [Wooster et al., 2005; Roberts et al., 2008]. Only
when the mean FRP of many fires over large areas are
considered, for example, mean MODIS FRP derived over
cells of the order of 1000  1000km [Ichoku et al., 2008] or
mean Meteosat Second Generation FRP derived over
continental scale land cover stratifications [Roberts et al.,
2008], does some form of smooth temporal FRP variability
become apparent. In the absence of an explicit formulation of
the temporal behavior of FRP, the assumption that FRP varies
linearly between satellite observations, i.e., as equation (4), is
necessary for analysis of individual fires and burned areas.
[8] Fusion of remotely sensed data sensed in different
ways (e.g., wave bands and times) allows for exploitation of
the different sensing characteristics [Pohl and Van Genderen,
1998]. Here we consider the fusion of instantaneous FRP
derived from MODIS active fire detections [Giglio et al.,
2003] with theMODIS burned area product [Roy et al., 2005]
to derive FRE estimates across the MODIS mapped burned
area, allowing potentially for improved and spatially explicit
estimates of biomass burned over FRE derived only from
MODIS active fire FRP. We illustrate issues and present
strategies for: (1) Temporal integration of instantaneous FRP
fromMODIS active fire detections to derive FRE, (2) Spatial
extrapolation of FRE over the burned area, to obtain FRE for
the whole burn, including areas which burn but where,
because of sampling issues, there was no active fire detection
and so no FRP measurement.
2. Materials and Methods
2.1. Study Area and Time Period
[9] This study focuses on an extensive burned area in the
Northern Territories, Australia, located 131–133E and 16–
18S. The burned area is located at the border between the
Old Victoria Plains and Sturt Plateau ecoregions [Thackway
and Cresswell, 1995]. The vegetation is predominantly
spinifex grasses (Triodia and Plectrachne) with sparse
(<10% cover) eucaliptus trees [Geoscience Australia,
2004]. Figures 1 and 2 (left) show the burned area detected
by the MODIS global burned area product [Roy et al., 2005],
displayed in a rainbow color scale to illustrate the approxi-
mate day of burning, overlaid on theMODIS bluemarble true
color surface reflectance to provide geographic context.
Figure 1 shows the immediate vicinity and Figure 2 shows
only the 14675 km2 burned area considered in the rest of the
paper. The area burned over a period of 40 days between the
end of September and the beginning of November 2002, with
multiple fire fronts moving in different directions.
2.2. Remotely Sensed Data
2.2.1. MODIS Active Fire Product
[10] The global Collection 5 MODIS 1 km Level 2 active
fire product detects the 1 km location and time of fires that are
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burning at the time of overpass of the NASATerra (MOD14)
and Aqua (MYD14) satellites under relatively cloud-free
conditions [Giglio et al., 2003]. The Level 2 product is
defined in the MODIS orbit geometry, corresponding to
approximately 5 minutes of sensing in the track direction,
covering an area of approximately 2340 by 2030 km in the
across- and along-track directions, respectively. The product
contains for each 1 km pixel whether an active fire was
detected (with three levels of detection confidence), or no fire
detected over land, or unknown status, or cloudy, or water
body. In addition, the fire radiative power [MW], band 21
(3.660–3840 mm) and band 31 (10.780–11.280 mm) black-
body temperatures [K], and average blackbody temperature
in those two bands for the surrounding pixels are stored for
each 1 km active fire detection.
2.2.2. MODIS Global Burned Area Product
[11] The global MODIS Collection 5 burned area product
(MCD45A1) is a monthly gridded 500m product that
describes the approximate day of burning derived by consid-
eration of temporal changes in reflectance and not using the
MODIS active fire product [Roy et al., 2005]. It is produced
in the standard MODIS Land tile format in the sinusoidal
projection [Wolfe et al., 1998]. Each tile has fixed earth
location, covering approximately 1200  1200 km (10
 10 at the equator). Besides the approximate day of
burning, the product describes for each pixel an extensive
set of data that can be used to assess the reliability of the
detection, or the presence of gaps in the time series, primarily
due to cloud cover, which can affect the detection [Roy et al.,
2008].
2.3. Data Preprocessing
[12] The MOD14 and MYD14, day and night, Level 2
swath files were reprojected to the gridded 1 km Level 3
MODIS sinusoidal projection. The data were reprojected
using the corresponding swath geolocation files (MOD03
and MYD03) and by nearest neighbor resampling. Repro-
jection and nearest neighbor resampling of the Level 2 swath
FRP values results in an overestimation of observed FRP in
the reprojected data. This is because the Level 2 active fire
product reports the FRP for each detected fire but the ground
dimensions of theMODIS Level 2 swath pixels increase with
view zenith angle further from nadir [Wolfe et al., 1998]. To
handle this, each observed Level 2 FRP value was divided
by the number of Level 3 pixels it encompassed. In this way,
the total FRP in each Level 3 gridded data set is equal to the
total FRP in the original Level 2 product.
Figure 1. Burned areas in Northern Australia in October
2002, as detected by the MODIS global burned area product.
The present study is focused on the large burned area at the
center of the red rectangle. An area of approximately 6 of
longitude by 7 of latitude is illustrated.
Figure 2. Comparison between the 500 mMODIS burned area product and the 1 km day and night active
fire product for the study area in Central Australia, that burned over a 40-day period. (left) The approximate
day of burning defined by the MODIS 500 m burned area product with day of burning shown in a rainbow
color scale (first day blue, last day red). (middle) The date of the first detection by the MODIS 1 km active
fire product, in the same color scale. (right) The number of times each pixel is detected by theMODIS active
fire product (red = 1, yellow = 2, green = 3, cyan = 4). The burned area covers a total of 14,675 km2, while
the active fire detections cover only 5430 km2.
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2.4. Spatial and Temporal Sampling Issues
in the Integration of Fire Radiative Power
to Derive Fire Radiative Energy
[13] Estimation of the FRE, and so the total biomass con-
sumed by fire, is subject to several remote sensing constraints
because satellite data are available only at discrete intervals,
due to the sensor and satellite orbit geometry and cloud con-
tamination [Giglio, 2007; Roy et al., 2008] and because the
FRP is defined only for active fires that have a sufficient size
and temperature to enable their detection [Giglio et al., 2003].
Figure 2 exemplifies spatial and temporal sampling issues for
MODIS data.
[14] Undersampling in the spatial domain is evident:
compared to the whole extent of the area burned (Figure 2,
left), only a subset of the pixels are detected as actively
burning (Figure 2, middle) at the time of the MODIS day and
night Aqua and Terra overpasses. The total extent of the burn,
as detected by the MODIS burned area product (Figure 2,
left), is 14675 km2. About one third of the burned area had an
Aqua and/or Terra active fire detection (Figure 2, middle).
The total area of the Terra active fire detections is 2969 km2,
and the total area of the Aqua active fire detections is
3210 km2, with 749 km2 detected by both Aqua and Terra
active fire detections and 5430 km2 detected by one or both
sensors.
[15] Undersampling in the temporal domain is evident
in that many pixels are detected as active fires only once
(Figure 2, right). Temporal sampling issues are also apparent
in Figure 3 (left), which shows the FRP observations plotted
as a function of time. The daytime observation times range
between 9.45 and 11.10 (Terra) and 13.05 and 14.40 (Aqua),
while the nighttime observation times range between 0.50
and 2.05 (Aqua) and 22.05 and 23.35 (Terra). The obser-
vation time is not constant because of the time difference
between observations sensed across the MODIS track [Wolfe
et al., 2002] and because of the variation of the Terra and
Aqua orbit overpass with latitude [Kaufman et al., 2005].
2.5. Conventions and Basic Formulations
[16] In describing the formulation of the temporal and
spatial integration strategy, the following conventions are
used:
[17] . s is the sensor combination: Terra only, Aqua only,
Aqua and Terra combined. s = {T, A, T + A}.
[18] . OTs,x is the set of overpass times by sensor combi-
nation s, at pixel x; note, MODIS Aqua and Terra observa-
tions never occur simultaneously, i.e.
[19] . OTT+A = OTT[OTA and OTT\OTA = 6/ .
[20] . ts,x,i is the overpass time of the ith observation by
sensor combination s of pixel x: ts,x,i2OTs,x={ts,x,0, .., ts,x,N};
where the first active fire detection occurs at t i=0 and the last
active fire detection occurs at t i=N.
[21] . FRPs,x,t is the FRP observed by sensor combination s
at location x at time t. FRPs,x,t > 0 if, and only if, at pixel x
there is an active fire detection by sensor s at time t; if not,
FRPs,x,t =0.
[22] . FREs,x is the FRE estimated at pixel x from the FRP
observations by sensor combination s, over the duration of
the fire (tN).
[23] . BA is the set of pixels detected as burned by the
burned area product.
[24] . AFs,t is the set of pixels with active fire detections at
time t.
[25] . AFs is the set of pixels with at least one active fire
detection, over the whole time period considered.
[26] . The number of pixels detected as burned, or with
active fire detections, is given by the cardinality of the BA
and AF sets: #{BA} and #{AFs}.
[27] . ax is the area of pixel x. Consequently,
P
x2BA
ax is the
total area burned and
P
x2AFs
ax is the total area detected by the
active fire product with sensor combination s.
2.6. Fusion – Temporal Integration
[28] The use of equation (4), may be problematic for
application to satellite data, and in particular polar orbiting
satellite data such as provided by MODIS, because of the
temporal under sampling discussed in section 2.4. Three
alternative and refined strategies for temporal integration of
FRP data to derive FRE, termed T1, T2 and T3, are consid-
ered. In the absence of an explicit formulation of the temporal
behavior of FRP of individual fires/burned areas, the three
temporal integration strategies are based, as equation (4), on
the conventional assumption that FRP varies linearly in the
time interval between consecutive MODIS observations.
2.6.1. Lumped Estimation – Strategy T1
[29] The active fires are assumed to originate from a single
fire event (ignition source) or a number of fire events
occurring at the same time (e.g., multiple lightning strikes
Figure 3. FRP time series for the active fires illustrated in the middle column of Figure 2. (left) FRP of the
individual active fire detections. (right) Sum of FRP values occurring in each MODIS overpass. Red dots
are Aqua and blue are Terra detections. The burning started on 22 September 2002.
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at different locations). The FRP values are integrated by
linear temporal interpolation from the first to the last active
fire detection, taking into account when the FRP values were
observed. This is equivalent to the trapezoidal rule for
numerical integration, and is illustrated in Figure 3 (right)
which shows the sum of FRP values occurring in each
MODIS overpass; the T1 FRE is equivalent to the area below
the solid line and is computed as:
FREs T1ð Þ ¼
XN
i¼0
FRPs;AFs;ts;i þ FRPs;AFs;ts;iþ1
 
ts;iþ1  ts;i
 
2
ð5Þ
where (ts,i+1 ts,i) is the time difference between consecutive
overpasses of the sensor combination s and FRPs,AFs,t is
the sum of the FRP values retrieved from active fires detected
at time t, defined:
FRPs;AFs ;t ¼
X
x2AFs
FRPs;x;t ð6Þ
2.6.2. Cluster Level Estimation – Strategy T2
[30] For certain, usually large, burned areas there are
multiple ignitions that occur at different times. It may be
possible to identify these multiple events through a spatio-
temporal clustering of the burned area and/or active fire data,
for example, by labeling clusters as adjacent MODIS 1 km
active fire detection pixels occurring no more than a speci-
fied number of pixels and days apart. Indeed, a spatio-
temporal clustering approach is used in the final pass of the
MODIS burned area product generation algorithm [Roy et al.,
2005] and has been applied to analyze MODIS active fire
detections [Loboda and Csiszar, 2007]. The total FRE for
each cluster is then estimated, as in T1, from the FRP values
of the active fires belonging to each cluster c:
FREs;c T2ð Þ ¼
XN
i¼0
FRPs;c;ts;i þ FRPs;c;ts;iþ1
 
ts;iþ1  ts;i
 
2
ð7Þ
where:
FRPs;c;t ¼
X
x2c
FRPs;x;t ð8Þ
[31] For the study area, the Terra only and the Aqua only
detections were found to be too sparse to allow the reliable
generation of clusters and consequently the T2 method was
tested using only Terra and Aqua combined (T+A) active fire
detections. A total of 108 clusters were identified using
conservative temporal and spatial thresholds of 2 days and
2 pixels respectively. These thresholds were defined empir-
ically, and assume that fires detected within 2 days at a
maximum distance of three kilometers belong to the same fire
event.
2.6.3. Pixel Level Estimation – Strategy T3
[32] FRP values are integrated temporally to derive the
FRE at each pixel location: the trapezoid rule of integration is
used assuming that the fire starts at the time of the MODIS
observation immediately preceding the first fire detection,
and stops at the time of the observation following the last fire
detection. In this way, T3 can be applied even if the pixel is
detected as an active fire by only one satellite overpass. As
noted in section 2.4, at the single pixel scale most of the fires
in the study area have a duration shorter than the 12 hours
between consecutive overpasses (either Aqua or Terra) and
are observed as actively burning only once (Figure 2, right).
To avoid overestimating the duration of the fire, and so the
FRE, in cloudy periods, observations labeled as cloudy by the
MODIS active fire product are assumed not to be actively
burning. T3 FRE is derived for each location x where an
active fire is detected as:
FREs;x T3ð Þ ¼
XN
i¼0
FRPs;x;ts;i þ FRPs;x;ts;iþ1
 
ts;iþ1  ts;i
 
2
ð9Þ
where FRPs,x,t is the FRP detected at pixel x at time t.
2.7. Fusion – Spatial Extrapolation
[33] The temporal integration strategies are refinements of
the approach described by equation (4). None of them take
into account the area that burned; they do not provide FRE
estimates for every pixel in the burned area but rather a single
FRE estimate for the set of active fires within the burn (T1),
for each cluster (T2), and for individual pixels where active
fire detections occurred (T3). The FRE for the burned area
may be greater than these estimates when the burned area is
greater than the area of the active fire detections, which is
often the case for fires in low forest cover and grassland
systems [Roy et al., 2008]. It is not usually known how the
FRE varies spatially, although variations are likely to occur if
there are heterogeneous prefire conditions (e.g., fuel load,
fuel type, wetness, slope) and fire behavior. Spatial extrap-
olation strategies that define an FRE estimate for all the
MODIS mapped burned area, based on T1, T2 and T3, are
described below.
2.7.1. Nonspatially Explicit Extrapolation – S1
[34] Strategy (S1, T1): The total FRE for all the pixels with
active fire detections falling in the burned area is defined as
equation (5). If the prefire conditions and fire behavior are
homogeneous across the burn, then the FRE for any pixel in
the burned area is constant:
FREs;x S1;T1ð Þ ¼ FREs T1ð Þ
axP
i2AFs
ai
ð10Þ
The total FRE of the burned area is defined as:
FREs S1;T1ð Þ ¼
X
x2BA
FREs;x S1; T1ð Þ ð11Þ
Strategy (S1, T2): If the prefire conditions and fire behavior
are homogeneous within each cluster then the pixels in a
cluster c have the same FRE, expressed as:
8x 2 c;FRETþA;x S1;T2ð Þ ¼ FRETþA;c T2ð Þ
axP
i2c
ai
ð12Þ
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The total FRE of the burned area is derived from the n clus-
ters falling within the burned area as:
FRETþA S1;T2ð Þ ¼
P
x2BA
axP
c2BA
Ac
X
c2BA
FRETþA;c S1;T2ð Þ
 
ð13Þ
where Ac is the area of cluster c, and
P
c2BA
Ac is the area of the n
clusters falling in the burned area; note that
P
c2BA
Ac =
P
x2AFTþA
ax
because every pixel with an active fire detection belongs
to a cluster, and consequently 0 <
P
c2BA
Ac 
P
x2BA
ax.
Strategy (S1,T3): The T3 method provides FRE estimates at
pixel locations with active fire detections (9). The total FRE
for the burned area is defined from the pixel locations where
FRE(T3) is defined, as:
FREs S1;T3ð Þ ¼
P
x2BA
axP
x2AFs
ax
X
x2AFs
FREs;x T3ð Þ
 
ð14Þ
2.7.2. Spatially Explicit Extrapolation – S2
[35] Spatially explicit FRE estimates are derived by krig-
ing the FRE data retrieved at individual pixels (T3) and for
clusters (T2) within the burn to every MODIS mapped
burned area pixel. Kriging is an established geospatial
technique to interpolate a value at an unobserved location
from observations at nearby locations [Stein, 1999]; here we
used the Gstat kriging software [Pebesma and Wesseling,
1998] to estimate the FRE of each 1 km pixel where there was
no direct FRE estimated by T2 or T3. This strategy assumes
that the FRE is homogeneous within individual clusters and
within individual pixels.
2.8. Data Analysis
[36] The different temporal and spatial extrapolation
strategies were implemented using the MODIS active fire
and burned area products for the study region illustrated in
Figure 2. The total FRE for the active fire detections and the
mean FRE per km2 were computed for the temporal integra-
tion strategies as:
Total FREs ¼
X
x2AFs
FREs;x ð15Þ
where FREs,x is estimated with methods T1, T2, and T3 for
MODIS sensor combination s. The mean FRE per km2 was
computed as the total FRE divided by the area of the pixels
where active fires were detected one or more times:
m FREs;x
 
¼ Total FREsP
x2AFs
ax
ð16Þ
Similarly, the total FRE and mean FRE per km2 were derived
for the different spatial extrapolation strategies but consider-
ing all the pixels in the MODIS mapped burned area and not
just the pixels where active fires were detected one or more
times, i.e., by replacing x 2 AFwith x 2 BA in equations (15)
and (16). The standard deviation of the FRE across the
MODIS mapped burned area was also computed as:
s FREs;x
 
¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
#fBAg
X
x2BA
FREs;x
ax
 m FREs;x
 

s
ð17Þ
where the mean is computed using equation (16) and #{BA}
is the number of pixels belonging to the burned area.
[37] Direct validation of the different FRE estimation
strategy results is not possible at this scale due to the lack
of spatially and temporally explicit independent FRE and
biomass burned measurements. However, the FRE can be
converted, using equation (3), to biomass burned. Contem-
poraneous fuel load data were not available for the study area,
however, Russell-Smith et al. [2003] describe, for the two
ecoregions covering the study area, average fuel loads of
0.78 106 kg km2 (Sturt Plateau) and 0.81 106 kg km2 (Old
Victoria Plains) and suggest a 0.72 burning efficiency defined
as the product of the combustion completeness and the
proportion of the satellite pixel that effectively burned.
Averaging the two fuel loading estimates and multiplying
by 0.72 provides a reference biomass burned value of 0.57
106 kg km2. Comparisons between the FRE estimated
biomass burned and this value were undertaken as an indirect
form of evaluation.
3. Results and Discussion
[38] Table 1 summarizes the total FRE (equation (15)) and
the mean FRE per km2 (equation (16)) for the active fire
detections encompassed by the MODIS mapped burned area
(Figure 2, middle and right) estimated using the T1, T2 and
T3 temporal integration strategies. The estimates were cal-
culated using Terra only, Aqua only, and Aqua and/or Terra
detections (except for method T2, where the Terra only and
Aqua only detections were too sparse in time and space to
generate clusters). The FRE estimates tabulated in Table 1 are
reasonably similar for the same sensor combinations (within
0.4 109 MJ) because all three temporal interpolation methods
are based on a trapezoid integration of the FRP time series.
The smallest and greatest total FRE estimates were for the
Terra only and the Aqua only detections respectively for both
the T1 (5.88–7.58 109 MJ) and the T3 (5.47–7.18 109 MJ)
strategies. This is because the later overpass Aqua observa-
tions generally have a higher FRP than the Terra observations
(Figure 3). This variability between sensors (1.7 109 MJ)
highlights the sensitivity of FRE estimation using MODIS
FRP retrievals. Using Terra and Aqua detections together
provide intermediate total FRE estimates of 6.54 109 MJ
(T1), 6.23 109MJ (T2) and 6.45 109MJ (T3).When the mean
FRE per km2 is considered, the Aqua detections still provide
higher mean FRE estimates than the Terra detections, but the
combined Aqua and/or Terra mean FRE estimates are lower
(Table 1). This is because the combined detections cover a
greater area (5430 km2) than the Terra only (2969 km2) or
Aqua only (3210 km2) detections; this highlights a funda-
mental sensitivity of FRE estimation based only on MODIS
active fire FRP retrievals, particularly when using either
Aqua only or Terra only.
[39] Table 2 presents the total, mean and standard deviation
(equations (15)–(17)) summary statistics of the FRE esti-
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mated applying the different spatial extrapolation strategies
to all the MODIS mapped burned area. The total burned-area
based FRE estimates (Table 2) are greater than the active fire
based equivalents (Table 1) by more than a factor of two to
nearly a factor of five, even though the mean FRE per km2 are
similar. This is expected given that less than one third of the
MODIS burned area was detected by the Aqua and/or Terra
active fire products. The large difference between the total
FRE with respect to sensor combination, i.e., 17.7–34.6 109
MJ (T1), 16.8 109 MJ (T2), 17.4–32.8 109 MJ (T3) is, as in
Table 1, indicative of the FRE sensitivity to the MODIS
sampling. The spatially extrapolated Terra only and the Aqua
only estimates are up to a factor of two higher than the
spatially extrapolated Terra and Aqua combined estimates
(Table 2) whereas for the temporally integrated strategy
equivalents (Table 1) the Terra only and Aqua only estimates
are about 20% higher (Aqua) and 20% lower (Terra) than the
Terra and Aqua combined estimates. This apparent discrep-
ancy between the results of Tables 1 and 2 is because the
Aqua only and Terra only active fire detections cover a
smaller area that the combined detections (second column
in Table 1) while in Table 2 all the results are extrapolated to
represent the FRE for the same 14675 km2 area burned.
[40] The higher FRE estimates obtained using a single
sensor can be explained in terms of temporal sampling of the
active fires and in terms of the magnitude of the FRP at the
overpass time of each satellite. As noted in section 2.5, Aqua
and Terra overpasses never occur simultaneously, and as a
consequence the time difference between two consecutive
observations is always higher when a single sensor (A or T) is
used, than when both are combined (T+A). The equations
used for the lumped FRE temporal interpolation (T1) and for
the pixel level FRE temporal interpolation (T3) are linear
functions of the time difference between two consecutive
overpasses. Hence the FRE estimation obtained using a
single sensor tends to overestimate the time interval used
for the integration of the FRP observations and produces a
higher FRE estimate. For this reason, the total FRE estimated
from combinedMODIS Aqua and Terra observations is more
reliable, as more samples are available to capture the FRP in
space and time. Further, the FRP at the Aqua overpass time is
higher than at the Terra overpass time, which is reflected in
the higher Aqua only FRE estimates than the Terra only FRE
estimates (Table 2).
[41] The standard deviation FRE is always lower than the
mean FRE, and the lowest standard deviation is for Terra and
Aqua combined (Table 2), implying that the range of varia-
tion of the pixel FRE values is lower when both Terra and
Aqua observations are used.
Table 1. Total FRE Estimated Using the T1, T2, and T3 Methods
Over all the Active Fire Pixels Encompassed by the MODIS
Burned Areaa
Total FRE (MJ)
P
x2AFs
ax (km
2)
m (MJ km2)
T1T+A 6.54 10
9 5430 1.20 106
T1T 5.88 10
9 2969 1.98 106
T1A 7.58 10
9 3210 2.36 106
T2T+A 6.23 10
9 5430 1.15 106
T3T+A 6.45 10
9 5430 1.19 106
T3T 5.47 10
9 2969 1.84 106
T3A 7.18 10
9 3210 2.23 106
aThemean FRE per unit area (m) is computed for each sensor combination,
by dividing the total FRE by the area of the pixels with active fires, reported in
the second column.
Table 2. Total FRE for the MODIS Burned Area Estimated Applying the S1 and S2 Spatial Extrapolation Methods to the Different
Temporal Integration Methodsa
Total FRE (MJ) (S1) m (MJ km2) (S1) Total FRE (MJ) (S2) m (MJ km2) (S2) s (MJ km2) (S2)
T1T+A 17.7 10
9 1.20 106 – – –
T1T 29.0 10
9 1.98 106 – – –
T1A 34.6 10
9 2.36 106 – – –
T2T+A 16.8 10
9 1.15 106 16.8 109 1.14 106 0.20 106
T3T+A 17.4 10
9 1.19 106 17.2 109 1.17 106 0.50 106
T3T 27.0 10
9 1.84 106 26.3 109 1.79 106 0.77 106
T3A 32.8 10
9 2.23 106 32.8 109 2.24 106 1.02 106
aThemean (m) and the standard deviation (s) FRE is computed for each sensor combination by dividing the total FRE by the area of the pixels in theMODIS
burned area (14675 km2).
Figure 4. (top row) Results of the temporal interpolation by
cluster (T2) and by pixel (T3). (bottom row) Results of the
spatial extrapolation by kriging (S2method) of the same data.
The per pixel results are shown in terms of (top legend) FRE
and (bottom legend) burned biomass per pixel.
D20302 BOSCHETTI AND ROY: FRE FROM SATELLITE FRP AND BURNED AREA
7 of 10
D20302
[42] The spatially extrapolated total FRE estimated using
the S1 and S2 strategies are almost the same (Table 2). This is
consistent with the properties of simple kriging, which
generates an unbiased estimate, i.e., the mean of the kriged
data is equal to the mean of the data used as an input for the
kriging. The small discrepancy between the S1 and S2 total
FRE estimates is attributed to computational rounding errors.
Figure 4 shows the kriged results which are discussed inmore
detail below.
[43] Table 3 summarizes the total and the average biomass
consumed by fire obtained using the FRE estimates and
equation (3). The T+A average biomass burned estimates
of 0.397 106 kg km2 (T2,S2), 0.408 106 kg km2 (T3, S2),
and 0.419 106 kg km2 (T1,S1), are within 30% of the 0.57
106 kg km2 reference value derived from regional fuel load
and burning efficiency estimates [Russell-Smith et al., 2003].
All the single sensor estimates are higher than the reference
value, suggesting that their temporal sampling is insufficient,
leading to an overestimation of FRE and so biomass con-
sumed. The highest estimate (0.82 106 kg km2) is provided
by the T1 Aqua FRE and, while likely to be overestimated, is
not dissimilar to the 0.81 106 kg km2 Old Victoria Plains
fuel load estimate. For individual pixels within the burned
area, FRE and biomass burned estimates can be much smaller
and much larger. Figure 4 illustrates, for Aqua and Terra, the
T2 and T3 temporal interpolation FRE results (top row) and
the kriged equivalents (bottom row). The T3 Terra and Aqua
combined FRE estimates (Figure 4, top right quadrant) have
some very high values: 8% of the pixels have FRE values that
give biomass burned estimates of over 106 kg km2, and 1%
of the pixels provide burned biomass estimates over 107 kg
km2. The T2 Terra and Aqua combined FRE estimates
(Figure 4, top left quadrant), are lower, and there is only one
of 108 clusters providing such anomalously high burned
biomass estimates. These high values may be due to sparse
eucalyptus tree fires, as eucalyptus has a significantly greater
calorific value than the grass [Bowman and Wilson, 1988]. It
is unknown which of the kriged results shown on the bottom
row of Figure 4 is more representative of reality. There is less
spatial variability in the kriged cluster results (T2,S2) com-
pared to the kriged pixel results (T3,S2) because of the spatial
aggregation at the cluster level. These results, and the FRE
standard deviations in Table 2, illustrate the spatial variability
in FRE and cast doubt on the appropriateness of applying
FRE estimators, such as T1 or equation (4), over large burned
areas and assuming that the FRE is spatially constant.
4. Conclusion
[44] In this study, straightforward strategies for the fusion
of fire radiative power information from the MODIS active
fire product with the MODIS burned area product were
presented. The strategies are based on the integration in time
of instantaneous FRP estimates from the MODIS active fire
product, and on the extrapolation of the resulting FRE in
space to the area mapped as burned by the MODIS burned
area product. A single large 14675 km2predominantly grass-
land burned area in Northern Australia that burned for
40 days was considered. Preliminary analysis showed that
the MODIS active fire detections under sampled the burning
activity both in the temporal and in the spatial domain: only
about a third of the pixels of the area detected as burned by the
MODIS burned area product had one or more FRP measure-
ments from the active fire product, and the majority of those
pixels had only a single FRP. This under sampling is well
known [Justice et al., 2002; Roy et al., 2005; Giglio, 2007;
Roy et al., 2008] but constrains the utility of MODIS FRP
detections for derivation of FRE. Furthermore, optically thick
clouds preclude active fire detection and further reduce the
availability of FRP data depending on the spatiotemporal
variability of clouds and satellite observations [Roy et al.,
2006; Schroeder et al., 2008b].
[45] A number of strategies to overcome the undersam-
pling of the fire signal were considered; all of them assume at
different spatial scales (single pixels, clusters of pixels, or the
entire burned area) that the FRE is constant, which may not
be the case due to variations in prefire conditions and the fire
behavior. Three temporal integration and two spatial extrap-
olation strategies were applied, repeating the analysis for
different MODIS sensor combinations (Terra only, Aqua
only and Terra and Aqua combined). In the absence of an
independent FRE validation data set it is not possible to
identify which strategy is optimal, but intercomparison of the
FRE results obtained under different assumptions can be used
to assess the sensitivity of the results, and gives indications
for future research.
[46] The discrepancy between the FRE values obtained
using the FRP measurements from a single sensor (either
Terra or Aqua) and the values obtained using both Terra and
Aqua highlights that FRP sampling is an important factor in
reliable FRE retrieval usingMODIS. The high variance of the
single pixel FRE estimates points to the fact, as observed by
previous workers [e.g., Smith and Wooster, 2005], that FRP
varies instantaneously because of changes in burning con-
ditions (e.g., wind), and so a single or small number of FRP
measurements at the satellite overpass time is not represen-
tative of the FRP for the whole burning event. Use of
combined MODIS Aqua and Terra FRP measurements pro-
vides more samples to capture the FRP in space and time and
the limited research results indicate that their combined use
provides more reliable FRE. While a validation was not
possible due to lack of independent FRE and fuel consump-
Table 3. Total Biomass Burned, Mean Biomass Burned per km2, and Standard Deviation Computed Using Equation (2) From the FRE
Estimates Presented in Table 2
Total (kg) (S1) m (kg km2) (S1) Total (kg) (S2) m (kg km2) (S2) s (kg km2) (S2)
T1T+A 6.15 10
9 0.419 106 – – –
T1T 10.1 10
9 0.688 106 – – –
T1A 12.0 10
9 0.820 106 – – –
T2T+A 5.86 10
9 0.399 106 5.85 109 0.397 106 0.070
T3T+A 6.07 10
9 0.413 106 5.98 109 0.408 106 0.174
T3T 9.39 10
9 0.640 106 9.15 109 0.623 106 0.268
T3A 1.14 10
9 0.777 106 1.14 109 0.779 106 0.355
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tion measurements, the Aqua and Terra combined FRE
estimates were plausible, providing average per km2 biomass
burned estimates within 30% of regional literature estimates;
however, for certain pixels, and for the Terra only and
particularly the Aqua only FRE, the biomass burned esti-
mates were higher than the likely amounts of biomass present
at the time of the fire.
[47] The temporal integration strategies described in the
present study use active fire FRP measurements alone to
derive FRE, which is the conventional approach in the
literature; they do not take into account the total area that
burned. The spatial extrapolation strategies we developed
using the MODIS burned area product demonstrated con-
vincingly that the FRE for the burned area was significantly
greater than these active fire based estimates. This was
because the burned area was greater than the area of the
active fire detections, which we expect to be the case globally
for fires in low forest cover and grassland systems [Roy et al.,
2008]. Interestingly, for the same MODIS sensor combina-
tion, all the spatial extrapolation strategies yielded similar
estimates of the total burned area FRE, implying that the
more simple lumped estimation strategies may be sufficient if
the total FRE is the only parameter of interest. The temporal
integration of satellite FRP retrievals to derive FRE assumes
that the FRP varies linearly in the interval between consecu-
tive satellite overpasses; further research is needed to study the
impacts of this assumption and the temporal dynamics of FRP.
[48] The research demonstrated that there is a spatial vari-
ability of the FRE and that, through a simple kriging, it is
possible to preserve such variability when extrapolating the
FRE to the whole area burned. Future research will be devoted
to improve the kriging. For example, Roy et al. [2005]
demonstrated a near linear relationship between the relative
change in short wave infrared reflectance and the combustion
completeness multiplied by the proportion of a satellite pixel
affected by fire. As the product of combustion completeness
and the proportion of the pixel that burned is related directly
to the biomass consumed by fire, the relative change in
reflectance may provide a suitable auxiliary trend variable
that could be used in the spatial extrapolation through
kriging.
[49] Although this paper presents a case study for a single,
albeit extensive, fire in a grassland ecosystem, the strategies
described are generic and could be applied using other burned
area and active fire FRP data products. As a future develop-
ment, the results obtained using MODIS data will be com-
pared to those obtained from high temporal resolution
geostationary systems in tropical environments. Indeed, this
fusion approach is suggested for integration of MODIS
burned area data with geostationary FRP data [Roberts and
Wooster, 2008]. Additionally, the method will be tested in
conditions, such as high latitude boreal forest, where there
is no coverage by geostationary systems, and where the
MODIS temporal sampling issues are less severe due to the
increasingly overlapping orbits further polewards [Wolfe
et al., 1998].
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System Science grant NNG04HZ18C and by NASA Earth Science Appli-
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